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Abstract: Land use transition in dryland ecosystems is one of the major driving forces to landscape
change that directly impacts the welfare of humans. In this study, the support vector machine
(SVM) classification algorithm and cross tabulation matrix analysis are used to identify systematic
and random processes of change. The magnitude and prevailing signals of land use transitions
are assessed taking into account net change and swap change. Moreover, spatiotemporal patterns
and the relationship of precipitation and the Normalized Difference Vegetation Index (NDVI) are
explored to evaluate landscape degradation. The assessment showed that 44% of net change and
about 54% of total change occurred during the study period, with the latter being due to swap change.
The conversion of over 39% of woodland to cropland accounts for the existence of the highest loss of
valuable ecosystem of the region. The spatial relationship of NDVI and precipitation also showed
R2 of below 0.5 over 55% of the landscape with no significant changes in the precipitation trend,
thus representing an indicative symptom of land degradation. This in-depth analysis of random and
systematic landscape change is crucial for designing policy intervention to halt woodland degradation
in this fragile environment.
Keywords: support vector machine (SVM); NDVI; net change; swap change; systematic transition;
dryland; degradation
1. Introduction
The anthropogenic endeavors on dryland ecosystems expose tropical woodlands to degradation,
deforestation and loss of soils [1]. The loss in dryland vegetation of Africa has been significantly
increased, resulting in land degradation [2,3]. The northwestern semiarid lands of Ethiopia are no
different, as woodlands are cleared and exposed to severe landscape changes [4–6]. The woodlands
of Ethiopia, despite their richness in biodiversity, are shrinking in size due to the pressure of
anthropogenic activities [5,7]. Global assessment of land degradation indicated that more than 26%
of the country has already been degraded, and the livelihood of about 30% of the population in the
period 1981–2003 has been affected [8]. The annual deforestation rate of Ethiopia is estimated at
about 2%, with woodland loss being prevalent due to the resulting pressure from population growth
and cropland expansions [9]. The population size of the country has more than doubled in the last three
decades from 40 million in 1984 to over 87 million in 2014 [10]. Due to the severe land degradation of
highlands, population resettled to the lowlands of the country, which brought a significant threat to
woodlands [5].
Land use/land cover (LULC) change assessment of drylands is gaining more consideration by
global environmental change studies as land use modification is exposing them to transitions and
high rates of resource depletion [11]. LULC studies focused on understanding the patterns, processes
and dynamics of land transitions and its drivers over time [12–16]. The processes of these land use
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transitions can be categorized into either random or systematic changes based on identifying their
pattern of categorical changes [12,17]. A random process of change occurs when a LULC category
loses to or gains from other categories in proportion to the size of other land cover categories, while
systematic transitions are driven by the regular processes of transition that change in a constant or
gradual development [12,14]. Post-classification comparison (PCC) is among the change detection
approaches that can be used in order to determine changes between satellite imagery of different
sources and dates [18,19].
PCC utilizes a transition matrix comprising two-date imagery to investigate the net change
among the land use categories [12,20]. However, the analysis of net change alone may not describe
the total change, as there might be zero net change due to a simultaneous gain and loss of a land use
category within the landscape [12]. It is also vital to discriminate the significant signals in the process
of categorical land use shifts [17]. The identification of systematic land use changes versus a random
process of change is helpful in determining the severity of land use transitions for proper land use
planning. The existence of larger areas of change may not always indicate systematic land use shifts,
as large land use shifts may occur in large land use classes in a random process of change [12]. Hence
a detailed change analysis matrix provides an understanding to identify the process of change within
the landscape [17].
The remarkable changes in agricultural practices and open access to woodlands have been the
main driving forces for the loss in vegetation cover, which can result in land degradation [5]. However,
mapping land use shifts through identifying random or systematic process of change was not made for
the northwestern drylands of Ethiopia. In order to sustainably utilize the existing resources, there is the
need for the broad consideration of LULC for the timely inspection of the transitions of landscapes [21].
Satellite imagery contributes significantly to the spatiotemporal evaluation and documentation of the
modifications of landscapes over time [14,15]. Hence, this study: (1) quantifies the signals of land use
transitions; (2) identifies the consequences of land use change; (3) identifies the spatial association of
precipitation and NDVI for a better understanding of the threats of dryland environmental changes.
2. Materials and Methods
2.1. Study Area
The drylands of Ethiopia cover over 65% of the land surface and are inhabited by 12%–15% of
the total population of the country [22]. Kaftahumera, among the semiarid regions in northwestern
Ethiopia, is situated in the geographical location of 13˝401N and 14˝281N latitude and 36˝271E and
37˝321E longitude (Figure 1). It has an area of about 6200 km2 with an elevation range of 537 m–1865 m
above sea level. The landscape is diverse in scenery and consists of flat plain, rolling hills and ridges,
a chain of mountains, valleys and gorges. Its population increased from about 50,000 in 1994 to
over 110,000 in 2014, with the possibility of a continuous increment due to the enormous inflow of
casual workers from other parts of the country [10]. It has an erratic annual precipitation distribution,
with the main rainy season between June and September. The mean annual precipitation varies
within a range from about 450 mm to around 1100 mm. The mean minimum annual temperature is
between 16 ˝C–27 ˝C, while the maximum temperature varies across the months, with the highest
temperature reaching about 42 ˝C [23]. The livelihood of the residents is diverse with mixed farming
comprising crop and livestock production. Among the cultivated crops, sesame is currently the
major crop type produced by both the private farmers and commercial farms [24]. The natural
vegetation of northwestern Ethiopia is characterized by the association of Combretum-Terminalia and
Acacia-Commiphora woodlands [9].
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Figure 1. Geographic location of the study area. The background image is a Landsat 8 synthetic color 
composite (Band 753) with vegetation showing up in shades of green. 
2.2. Data and Processing 
2.2.1. Landsat Imagery Pre‐Processing 
Satellite imagery used for this study consists of multispectral Landsat satellite imagery that 
includes Thematic Mapper 1986 and Landsat 8 2014 (Table 1). Landsata‐8 launched on  
11 February 2013 carries two sensors, the Operational Land Imager (OLI) and the Thermal Infrared 
Sensor (TIRS) [25,26], with enhancements in scanning technology that replaced whisk‐broom 
scanners with two separate push‐broom OLI and TIRS scanners [26]. All of the Landsat imagery used 
in this study is geometrically‐corrected Level 1T (L1T) data obtained from the United States 
Geological Survey (USGS) (http://glovis.usgs.gov). The imagery utilized for this study was acquired 
during the dry period of the year and is free of cloud cover. As there is vibrant behavior of 
phenological changes over time, it is vital to consider using similar season imagery in order to avoid 
natural phenological changes during the interpretation of actual land use changes [27]. 
Table 1. Data used for land use/land cover change analysis. 
Imagery Path/Row Acquisition Date
Landsat TM 170/50, 170/51 29 November 1986 
Landsat 8 170/50, 170/51 1 January 2014 
The Landsat 8 satellite image was georeferenced using references from 1:50,000 topographic 
maps, and the TM imagery of 1986 was rectified to the Landsat 8 imagery with a root mean square 
error of less than 10 meters. In order to remove scene variation due to atmospheric scattering, 
radiometric and atmospheric correction was employed to have a common radiometric scale [28–30]. 
Figure 1. Geographic location of the study area. The background image is a Landsat 8 synthetic color
composite (Band 753) with vegetation showing up in shades of green.
2.2. Data and Processing
2.2.1. Landsat Imagery Pre-Processing
Satellite imagery used for this stu y consis s of multispectral Landsat satellite imagery that
includ s Thematic Mapper 1986 and Landsat 8 2014 (Table 1). Landsata-8 launched on 11 February
2013 ca ries two sensors, t e Operational Land Imager (OLI) and e Thermal Infrared Sensor
(TIRS) [25,26], with enh nc ments in scanning technology that replaced w isk-broom scanner with
two separate push-broo OLI and TIRS scanners [26]. All of the Landsat imagery used in this study is
geometrically-corrected Level 1T (L1T) data obtained fro the United States Geological Survey (USGS)
(http://glovis.usgs.gov). The imagery utilized for this study was acquired during the dry period of
the year and is free of cloud cover. As there is vibrant behavior of phenological changes over time, it is
vital to consider using similar season imagery in order to avoid natural phenological changes during
the interpretation of actual land use changes [27].
Table 1. Data used for land use/land cover change analysis.
Imagery Path/Row Acquisition Date
Landsat TM 170/50, 170/51 29 November 1986
Lands t 8 170/50, 170/51 1 January 2014
The Landsat 8 satellite image was georeferenced using references from 1:50,000 topographic maps,
and the TM imagery of 1986 was rectified to the Landsat 8 imagery with a root mean square error
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of less than 10 m. In order to remove scene variation due to atmospheric scattering, radiometric
and atmospheric correction was employed to have a common radiometric scale [28–30]. Radiometric
correction is mainly performed for the normalization of differences among scenes of imagery taken
in different time periods [31]. The digital numbers were recalculated to top of atmosphere radiance
based on metadata files provided with the imagery [30], and then, imagery was corrected using
the ENVI 5.1 Fast Line-of-sight Atmospheric Analysis of Hypercubes (FLAASH) that integrates
MODTRAN (moderate resolution atmospheric transmittance and radiance code) [32,33]. The FLAASH
model needs the information of the scene center location, sensor type, flight date, flight time, sensor
altitude, ground elevation, pixel size, atmospheric model, aerosol model and initial visibility. During
the atmospheric correction, atmospheric and aerosol models were set to tropical and rural, respectively,
in order to match the geographic location of the study area. The remaining model parameters were
obtained from the metadata files. Five land use categories were identified as woodland, cropland,
grassland, residence and water for assessing land use transitions (Table 2).
Table 2. Land cover categories.
Land Cover Class Description
Woodland Woody plants with a canopy cover of more than 10%
Cropland Crop fields, parklands, fallows
Grassland Pasture lands, grass with scattered trees, shrubs
Residential Cities, villages, roads
Waters Rivers, lakes, reservoirs, streams
2.2.2. Image Classification
Image classification was performed using the SVM algorithm. Though statistical learning theory
was familiar in the late 1960s, it was in the middle of the 1990s that algorithms like SVM were
anticipated for assessing multidimensional functions [34]. SVM is a supervised non-parametric
classifier that can adopt the use of small training datasets to yield higher classification accuracies
compared to other traditional classification approaches [35,36]. In addition, it utilizes a structural
risk minimization to lower classification errors through avoiding the prior assumption of a normal
distribution of the dataset [37]. SVM was adopted for modeling land use changes [38], for climate
impact studies [39], ecosystem change monitoring [40] and measuring biophysical parameters, like
chlorophyll concentration [41].
Among SVM kernels, the Gaussian radial basis function kernel (RBF) was used for land
use classification and assessment of land use transitions [40,42]. RBF kernel classification needs
adjusting of two parameters, the kernel width γ and the cost parameter C, to quantify the penalty
of misclassification errors [43]. In this study, imageSVM was adopted for image classification [44].
The imageSVM uses the Library for Support Vector Machines (LIBSVM) program developed by [45,46]
for training support vector models. The SVM classifier model was parameterized taking into account
the training samples obtained during the 2012 field work and high-resolution imagery from Google
Earth acquired between November and December 2014. A total of about 700 and about 600 pixels
was used for training and testing the SVM model for 2014 imagery, respectively. Due to the absence
of reference data for the imagery of 1986, raw imagery was used for collecting training and testing
datasets [47]. Pixels were visually identified from imagery of 1986. In addition, these samples were
also compared to 2014 imagery for identifying unchanged pixels in order to have better representation
of training and testing data. In order to get optimum fitting values of each training dataset, a 4-fold
cross-validation test was performed entering a pair of γ and C. The image classification was made
following the result of best cross-validation outputs of RBF kernels. The performance of SVM
classification models was evaluated using the resulting error matrix [19,48]. Overall accuracy, producer
and user accuracies and the kappa coefficient were derived from the error matrices (Table 3).
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Table 3. Confusion matrix for 2014 classification.
Reference Data
Classified
data
Residence Grass Water Woodland Cropland Row Total User’sAccuracy (%)
Residence 77 22 0 0 0 99 77.8
Grass 6 52 0 0 0 58 89.7
Water 0 0 79 0 0 79 100.0
Woodland 3 0 4 170 5 182 93.4
Crop 4 22 1 10 149 186 80.1
Total column 90 96 84 180 154 604
Producer’s
accuracy (%) 85.6 54.2 94.1 94.4 96.8
Overall accuracy 87.25%
2.2.3. Precipitation Data
Tropical Applications of Meteorology using Satellite data (TAMSAT) decadal precipitation time
series for the period 2000–2014 were obtained from Reading University (http://www.met.reading.
ac.uk/~tamsat/data/). TAMSAT uses satellite imagery calibrated against historical ground-based
observations for estimating precipitation at a spatial resolution of about 4 km for the whole of
Africa [49]. The data have been developed from archived Meteosat thermal infrared (TIR) imagery
to give 10-day precipitation estimates [49,50]. The TAMSAT precipitation estimation over Ethiopia
was tested using the available gauge data and has shown the best agreement [51]. The TAMSAT data
were resampled to a grid common to the spatial resolution of eMODIS data using a nearest neighbor
resampling method. The resampled precipitation data has a spatial resolution of 250 meters. The
correlation between the resampled and original TAMSAT data is higher with an R2 value of over 0.98.
2.2.4. NDVI Data
NDVI is a proxy for vegetation productivity and can be used for assessing the condition of
vegetation growth in relation to climate variables [52,53]. MODIS NDVI products are continuously
used for monitoring land condition and phenology changes [54,55]. However, the relevance of MODIS
data for vegetation studies has encountered data management issues due to its projection and data
format [56]. The USGS has produced a MODIS product called eMODIS overcoming its usability
concerns (e.g., projection, file format, composite interval) raised by customers [56]. The eMODIS NDVI
was developed to solve the aforementioned problems with a 10-day composting interval at a spatial
resolution of 250 m–1 km [56]. The eMODIS Africa used for this study was produced from the TERRA
satellite with a spatial resolution of 250 meters with a ten-day compositing interval, which has been
available since March 2000. The NDVI is filtered using the Savitzky–Golay filter algorithm weighted
with the corresponding quality files for noise removal from the time series dataset [57]. A smoothed
10-day maximum-value composite eMODIS NDVI with a 250-m pixel size was used for monitoring
the vegetation condition and land degradation over our study area. The NDVI is a reflection of the
amount of chlorophyll contained in vegetation and is stated as [58,59]:
NDVI “ Band 2´Band 1{Band 2 ` Band 1 (1)
where Band 2 is the near-infrared reflectance and Band 1 is the red reflectance.
2.3. Change Detection Assessment
The classified imagery of 1986 and 2014 was overlaid in order to produce a transition matrix
to display the LULC transition sizes between 1986 and 2014. The diagonals of the matrix indicate
the amount of land use categories that remained unchanged through the study period, while the
off-diagonal entries account for a transition from one category to other land use categories.
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An additional analysis of the matrices of 1986 and 2014 classification outputs was made in order to
compute gain, loss, persistence, net change, swap and total change for each LULC class [12,17]. A gain
in land use category is a measure of the size of land use added between Times 1 and 2, whereas loss
accounts for a reduction in the size of a land use class between Time 1 and Time 2. Swap discriminates
the quantity of both loss and gain in order to account for a land use category lost in one site, whereas
an equivalent dimension is added to a different site [17]. The investigation of swap change requires
coupling pixels of both gain and loss of the land use categories. The size of swap for a land category j
is computed following the method of [17] as:
Sj “ 2 min pPj+´Pjj; P+j´Pjjq (2)
where Sj is the amount of swap; Pj+ is column total of a land use class within the landscape; Pjj is the
persistence in a land use class; and P+j is the total row proportion of a land use class. In addition,
the loss to persistence ratio (lp) that measures the level of prevalence of a land use class for a change,
the gain to persistence ratio (gp) that accounts for the amount of increment in a land use category
compared to its initial size and the net change to persistence ratio (np) that is indicative of the direction
and magnitude of the transition of a land use class were also calculated [12]. The whole methodological
approach for image analysis was summarized in Figure 2.
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Figure 2. Flow chart of methodological approach used for imagery interpretation. TAMSAT, Tropical
Applications of Meteorology using Satellite data.
2.4. Systematic Transition of Land Use Categories
The systematic transition of a land use category within the landscape was assessed based on the
comparison of the off-diagonal changes of each land use class to their expected values of change for the
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period 1986–2014. The systematic shift in the random process of change within the transition matrix
can be expressed considering the changes in relation to the amount of the classes and anticipated shifts
under a random process of gain as [17]:
Gij “ pP`j ´ Pjjq
˜
Pi`
100´ Pj`
¸
(3)
where Gij is expected land use shift of class i to class j under a random process of gain; P+j is the sum
of the column of category j in the transition matrix; Pjj is the persistence for the category j; Pi+ is the
row total of land class i; and Pj+ the row total of category j.
Equation (3) presumes that the increase in each land use class in 2014 is constant and accordingly
allocates the gain to each category based on their proportional size of 1986. The expected proportion
and the observed proportion of the diagonals are set as equal, so that the shift in off-diagonal land
use class can be estimated considering the changes in land use classes. If the variation between the
observed and expected proportion of a land use category is positive, the category in the row lost
more than the category in the column than would be expected under a random process of gain in that
category of the column [17]. On the other hand, when the deviation is negative, then the land use class
in that row lost less in the category in the column than would be expected by a random process of gain
of that category of the column.
Expected loss under a random process of loss is also calculated following [17] as:
Lij “ pPi` ´ Piiq
ˆ
P`j
100´ P`i
˙
(4)
where Lij is the anticipated shift from category i to j; Pi+ is the row total of category i; Pii is the
persistence of the land use category in the period 1986–2014 for category i; P+j is the column total of
category j; and P+i is the column total of category i.
Equation (4) presumes that loss in each land use class is constant and disburses according to
the relative size of the remaining classes in 2014. The expected value of the diagonals remains the
same to evaluate the off-diagonal transitions in the period 1986–2014. The gain and loss between
categories in the row and column were computed considering the difference between expected and
observed changes of land use classes under a random process of loss. The land use class in the column
is considered as gain when the difference between observed and expected transition under a random
process of loss is positive. On the other hand, if the value is negative, the category in the column
gained less from the category in the row than would be expected under a random process of loss in the
category of the row [17].
2.5. NDVI Precipitation Correlation Analysis
NDVI has been known for monitoring vegetation growth status and the estimation of biomass
accumulation [60–62]. Precipitation also significantly influences the spatial and temporal dynamics
of NDVI in which the biomass accumulation follows the precipitation gradient [63]. The variation in
vegetation productivity could be linked to either change in vegetation or variation in precipitation
distribution. The assessment of the spatiotemporal relationship between NDVI and the precipitation
of each pixel could facilitate assessing vegetation productivity and land condition [64,65].
In this study, a pixel-wise spatiotemporal ordinary least squares (OLS) linear regression analysis
between NDVI and precipitation was made to evaluate spatial vegetation productivity variation over
the whole study area. The OLS regression model is given as:
NDVI “ α ` βˆ rainfall ` ε (5)
where NDVI is the dependent variable, rainfall is the independent variable, α is the intercept, β is the
slope coefficient for variable rainfall and ε is the random error. In addition, the annual sums of NDVI
and annual rainfall were created for the common periods of 2000–2014. The annual rainfall and annual
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NDVI is regressed on time to evaluate the trend changes over Kaftahumera. Moreover, the slope of
annual NDVI and annual precipitation is also analyzed in order to get the direction and magnitude of
trends in NDVI and precipitation, respectively. The pixel-wise spatial regression between precipitation
and NDVI determines the correlation coefficient for assessing the status of land conditions. An OLS
linear regression analysis was adopted to evaluate the slope and significance of annual NDVI changes
at the 95% confidence level (p < 0.05).
3. Results
3.1. Land Cover Transition
Figure 3 illustrates the temporal transitions of land use categories in the period 1986–2014. There
is a significant amount of spatial changes among the land use classes in the study period. In 1986,
woodland is the dominant category covering about 79% of the landscape. However, the dominance
of woodland was replaced by cropland, in which cropland acquired more size in 2014 dominating
over 53% of the landscape with a net gain of about 40%. Hence, cropland has the highest gain to loss
ratio (gl = 19.8) among the land use classes signifying about 20-times extra growth in size than loss in
relation to the increase in other land use categories. Woodlands are the most important contributors
for the newly increasing croplands. Grassland has acquired a total transition of about 14% with a net
increase of nearly 4%. During the study period, over 55% of the loss in valuable ecosystems detected
within the landscape was mainly due to the loss of the native woodlands.
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3.2. Persistence in the Landscape
The temporal changes in the period 1986–2014 for all land cover classes are shown in Figure 4.
In this period, nearly 54% of the landscape has shown a transition from one land use category to a
different category. However, about 10% of this transition occurred due to swap change, in which
there existed a coinciding gain and loss among the land use categories. During the study period,
the persistence of the landscape shares only about 46% of the area, whereas the largest proportion
experienced land use shifts (Table 4). Woodland experienced the uppermost persistence of about 32%.
However, the dominance in the persistence of woodland during the study period is mainly due to its
higher proportion in 1986 covering 79.0% of the landscape. This land use class suffered the highest
loss among the land use categories with a net loss of about 44%. On the other hand, cropland got
a significant increment in size covering about 53% of the landscape in 2014. It has also the lowest
amount of loss (2%) and a persistence of over 11%.
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Table 4. LULC changes in the period 1986–2014 (%).
Land Use
Class Total 1986 Total 2014 Persistence Gain Loss
Total
Change Swap
Absolute Value
of Net Change
Woodla 79.00 35.12 32.20 2.92 46.80 49.72 5.85 43.87
Cropla 13.44 52.80 11.30 41.5 2.14 43.64 4.28 39.35
Grassland 7.08 11.50 2.50 9.00 4.58 13.58 9.16 4.42
Water 0.39 0.25 0.30 0.05 0.09 0.04 0.00 0.04
Residence 0.09 0.33 0.10 0.30 0.10 0.40 0.20 0.24
10 .0 100.00 46.30 53.70 53.70 9.70 44.00
Results of a gp ratio greater than one indicate the highest likelihood of a land use class to enlarge
compared to its initial size [12] (Table 5). Accordingly, cropland, grassland and residence all have a
gp value of more than one, demonstrating their trend to grow in comparison to their original extent
of 1986. On the other hand, woodland and water have a value of below one, signifying that the size of
added extent is less than the size of their unchanged extent.
The ratio of lp larger than one designates the inclination of a category to be exposed to transition
rather than persistence during the period of the assessment [12]. Among the land use categories,
residence and cropland have lp ratios of below one, displaying their lower amount of loss in comparison
to the unchanged extent. This is an indicator that their tendency of loss is minimal with a better chance
of expansion than loss. In contrast, woodland and grassland have lp ratios of above one, showing their
exposure to transition. This has been confirmed by a significant amount of loss of woodlands along
the study period. However, the higher value of grassland is attributed to its higher swap changes of
both gain and loss.
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Table 5. LULC ratios for the period 1986–2014.
Land Use Class Gain toPersistence (gp)
Loss to a
Persistence (lp)
Net Change to
Persistence (np)
Woodland 0.09 1.45 ´1.36
Cropland 3.67 0.19 3.48
Grassland 3.60 1.83 1.77
Water ´0.17 0.30 ´0.46
Residence 2.32 ´0.07 2.39
The net change to persistence (np) is negative for woodland and water, indicating their net loss
compared to their persistence. The loss in water may be related to the shrinkage of water bodies due
to the expansion of croplands in woodland and wetland areas in the study area. The np of cropland is
larger than three and demonstrates a net expansion of about four times its extent in 1986. Grassland
also experienced a net increase in size, but it also shows a comparable loss in the same period. The
size of built-up areas also significantly increased, having an np of 2.4. The expansion of built up areas
is related to an increase in residential areas attributed to the demographic change occurring within
the region.
3.3. Net Change and Swap Change
The land use transition is complemented by gross gains and gross losses among the land use
categories in the study area. Woodland has a gross loss of about 47%, while cropland has a gross
gain of 42% (Table 4). The net change of woodland and cropland is 44% and over 39%, respectively.
Among the land use categories, grassland showed a significant amount of swap change of over 9%
related to other land use categories. Water and residence have the lowest swap change among the
land use categories. The net change within the landscape is 44%, whereas the observed total change is
about 54%, proving that both swap change and net change are vital to recognize the total transitions
within the landscape. An analysis of land use transition considering only net change weakens the
existing total changes of the ecosystem. There are swap changes during the study period that needs
consideration due to both gain and loss in different locations.
3.4. Inter-Categorical Transitions in the Landscape
The LULC shift in the landscape under a random process of gain is shown in Table 6 highlighting
observed land use categories in bold, expected changes in italics and the change between the observed
and expected proportion in normal font, respectively. The comparison of observed and expected
proportions identifies and separates the random process of change from the systematic change based
on the deviation of their values from zero. Accordingly, when the values of their difference approach
zero, the transition is considered as a random process of change, whereas if the values are farther
from zero, the change is systematic [12]. Woodland has the highest loss compared to other land use
types. However, the higher value of loss in woodland is not sufficient to decide that the change was
systematic, as woodland is the dominant land use category within the landscape during the first point
in time of the study in 1986. The systematic transition can be identified by interpreting the transitions
with respect to the size of the categories.
During the evaluation of observed transition and expected transition under a random process of
gain, it was found that observed gains for some land use categories are farther from zero. The difference
between the observed and expected proportion of change of woodland to cropland under a random
process of gain is 1.7%, which means that cropland systematically gains to replace woodland.
The difference between cropland and woodland is ´1.4%, as woodland systematically does not
gain from cropland. The difference between observed and expected gains for grassland-cropland
is ´0.8%, which means that if cropland gains, it does not replace grassland. On the other hand,
the difference between cropland-grassland is 0.2%, indicating a systematic transition of cropland to
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grassland. The difference between the observed and expected gains for woodland-grassland is ´0.2%,
implying that when grassland gains, it systematically does not gain from woodland. On the other hand,
the difference between grassland-woodland is 0.9%, which means that woodland gains systematically
from grassland.
Table 6. Percentage of landscape transition in terms of gains: observed (in bold), expected under a
random process of gain (in italics) and the difference between observed and expected (in normal font).
1986
2014
Total 1986 Loss
Residence Water Woodland Cropland Grassland
Residence
0.0 0.0 0.0 0.0 0.0 0.1 0.1
0.0 0.0 0.0 0.0 0.0 0.1 0.1
0.0 0.0 0.0 0.0 0.0 0.0 0.0
Water
0.0 0.3 0.0 0.1 0.0 0.4 0.1
0.0 0.3 0.1 0.2 0.0 0.6 0.3
0.0 0.0 ´0.1 ´0.1 0.0 ´0.2 ´0.2
Woodland
0.1 0.0 32.2 39.2 7.4 78.9 46.7
0.2 0.0 32.2 37.5 7.6 77.5 45.3
´0.1 0.0 0.0 1.7 ´0.2 1.4 1.4
Cropland
0.1 0.0 0.5 11.5 1.5 13.6 2.1
0.0 0.0 1.9 11.5 1.3 14.7 3.2
0.1 0.0 ´1.4 0.0 0.2 ´1.1 ´1.1
Grassland
0.2 0.0 1.7 2.7 2.6 7.2 4.6
0.0 0.0 0.8 3.5 2.6 6.9 4.3
0.2 0.0 0.9 ´0.8 0.0 0.2 0.3
Total 2014
0.4 0.3 34.4 53.5 11.5 100.0 53.7
0.4 0.3 34.4 53.5 11.5 100.0 53.7
0.0 0.0 0.0 0.0 0.0 0.0 0.0
Gain
0.4 0.0 2.9 42.0 8.9 53.7
0.4 0.0 2.9 42.0 8.9 53.7
0.0 0.0 0.0 0.0 0.0 0.0
The same comparison of the difference between observed and expected losses under a random
process of loss is shown in Table 7. The differences for woodland-cropland, cropland-grassland and
grassland-residence are 1.3%, 1.0% and 0.2%, respectively. Hence, when woodland loses, cropland
systematically replaces it; when cropland loses, grassland systematically replaces it; and when
grassland loses, residence systematically replaces it. The difference between observed and expected
losses for woodland-grassland and cropland-woodland is ´0.9% and ´0.9%, respectively. This implies
that woodland does not systematically lose areas to grassland and that cropland does not systematically
lose to woodland.
Table 7. Percent of landscape transition in terms of losses: observed (in bold), expected under a random
process of loss (in italics) and the difference between observed and expected (in normal font).
1986
2014
Total 1986 Loss
Residence Water Woodland Cropland Grassland
Residence
0.0 0.0 0.0 0.0 0.0 0.1 0.1
0.0 0.0 0.0 0.1 0.0 0.1 0.1
0.0 0.0 0.0 ´0.1 0.0 0.0 0.0
Water
0.0 0.3 0.0 0.1 0.0 0.4 0.1
0.0 0.3 0.0 0.1 0.0 0.4 0.1
0.0 0.0 0.0 0.0 0.0 0.0 0.0
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Table 7. Cont.
1986
2014
Total 1986 Loss
Residence Water Woodland Cropland Grassland
Woodland
0.1 0.0 32.2 39.2 7.4 78.9 46.7
0.2 0.2 32.2 37.9 8.3 78.9 46.7
´0.1 ´0.2 0.0 1.3 ´0.9 0.0 0.0
Cropland
0.1 0.0 0.5 11.5 1.5 13.6 2.1
0.0 0.0 1.4 11.5 0.5 13.6 2.1
0.1 0.0 ´0.9 0.0 1.0 0.0 0.0
Grass
0.2 0.0 1.8 2.7 2.6 7.2 4.6
0.0 0.0 1.7 2.7 2.6 7.2 4.6
0.2 0.0 0.1 0.0 0.0 0.0 0.0
Total 2014
0.4 0.3 34.5 53.5 11.5 100.0 53.7
0.2 0.5 35.3 52.2 11.4 100.0 53.7
0.2 ´0.2 ´0.8 1.3 0.1 0.0 0.0
Gain
0.3 0.0 2.3 42.0 8.9 53.7
0.2 0.2 3.1 40.7 8.8 53.7
0.1 ´0.2 ´0.8 1.3 0.1 0.0
3.5. Land Degradation in Drylands of Northwestern Ethiopia
The bitemporal change assessment of Landsat imagery is augmented by temporal NDVI and
precipitation analysis for detecting land condition. Accordingly, a pixel-wise regression analysis
between precipitation data and NDVI was applied to investigate the spatial relationships of vegetation
patterns and precipitation over the whole study area (Figure 5). The result shows a high spatial
non-stationary relationship between precipitation and NDVI within the landscape. The coefficient
of determination (R2) between precipitation and NDVI demonstrates a major difference in spatial
distribution, with about 55% of the study area having low R2 values of below 0.5. The spatial
pattern of R2 between precipitation and NDVI corresponds to the status of the vegetation condition.
NDVI measures vegetation conditions considering the temporal biomass accumulation and its
historical changes [66]. The low correlation between precipitation and NDVI is a sign of loss in
biomass accumulation. Similar studies in other drylands also indicate lower correlation of NDVI and
precipitation due to loss of vegetation cover [67,68].
Among the land cover categories, mainly woodland areas converted to cropland show the lowest
R2 values between the points in time of 2000 and 2014. The northern part of the study area, which is
covered by undisturbed woodland and grassland, shows R2 of over 0.5. The lower spatial relationship
of NDVI and precipitation in the study area is an indicator of disturbances that can be attributed to the
deforestation of the woodlands [67]. The inter-categorical analysis of Landsat imagery also identified
conversion of over 39% of woodland to cropland as a dominant signal of change in the landscape
within the period of 1986–2014. The loss in vegetation cover is an indicator of land degradation,
especially in semiarid areas like of Kaftahumera.
The spatiotemporal linear regression analysis of the slope of the annual sum of NDVI is illustrated
in Figure 6. The slope is a measure of the direction and strength of annual NDVI variation from
2000–2014, in which a negative slope depicts a reduction in vegetation productivity over the study
period. The assessment shows a significant reduction in the productivity of vegetation in most parts of
the study area. The temporal reduction in NDVI resulted from the change in the spatial distribution
of the woody vegetation and other human-induced changes in the ecosystem. The woodlands of
Kaftahumera are affected by human activities, mainly due to cropland expansion, wood harvesting
and resettlement, and show a significant reduction in vegetation productivity with negative trends in
areas where settlement and cropland were expanding.
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The spatiotemporal linear regression coefficient of annual cumulative NDVI is shown in Figure 7
in order to investigate the significance of the undergoing changes. The outcomes indicate that most
parts of the study area have shown a decrease in vegetation productivity (p < 0.05) over the last 15 years.
The reduction in NDVI values is a prominent indicator of loss in biomass accumulation, which ends up
in woodland degradation [54]. The majority of woodland areas, with human-dominated activities, like
cropland and settlement, have shown significant changes in annual cumulative NDVI temporal trends.
The NDVI analysis is in agreement with the respective Landsat image classification outputs, which
prove a conversion of most of woodland vegetation to croplands. The deforestation and degradation
of the woodlands result in lower vegetation productivity and, hence, in a negative NDVI trend.
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The spatial correlation of precipitation over the p riod 2000–2014 s n t signific nt at the 95%
confidence l vel (p < 0.05) (Figure 8). Dryland vege ation productivity of Ethiopia mainly determined
by the availability of water than other climate variables [69]. It is evident that the reduction in NDVI
over woodland areas is not a result of change in precipitation distributi n. The absence of significant
trends in precipitation over the 15-year period is another indicator of anthropogenic factors that
contributed to the decreasing vegetation productivity in the study area.
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4. Discussion
This study used Landsat imagery, precipitation data and NDVI for identifying systematic and
gradual land use changes and spatial mapping of land degradation in semiarid regions of northwestern
Ethiopia. The lack of reference data that can be used for training and testing samples during image
classification makes it difficult for historical imagery classification. The classified imagery was visually
inspected for the identification of errors co paring to the imagery of 1986. The misclassifie areas
were relabeled to minimize the iscl ssification errors. This has improved the comparison of the
classified bitemporal imagery for identification of land use transitions in the period of 1986–2014.
Ther is a pertinent systematic lan fr oodland to cropland, as cropland is
sy tematically gaini g from woodland. LULC change as es ment of the region s of
the area underwent a transition between natural and human-dominated activities. Woodland suffered
the highest net loss of about 44%. This significant reduction in the size of woodland cover is attributed
to proximate causes of cropland expansion and overharvesting of woodlands and underlying causes,
like population growth, policy changes and economic factors [5]. The agricultural investments are
favored with several incentives that include the least expensive land rent, exemption of the payment
of income tax for up to five years and loans of up to 70% of the project cost [70]. This has attracted
over 400 agricultural investments to work on crop production within the region. Several studies in
east Africa also showed the conversion of forests to agricultural lands affecting the diversity of woody
vegetation and resulting in forest degradation [69,71,72]. In Ethiopia, cropland expansion is one of
the dominant driving factors of forest loss [5,69]. Image analysis confirmed the conversion of about
47% of the woody vegetation to other land use types affecting the natural vegetation. The intensive
mechanized farming, mainly for the production of oil crops for international markets, has contributed
to the shrinking of the woodlands [4,5]. In addition, the expansion of subsistence agriculture with
ever-increasing population pressure competes with the natural vegetation.
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There is no significant trend in precipitation, but a decline in NDVI is observed in the time
period of 2000–2014. In the absence of human intervention, NDVI is positively correlated with the
annual sum of precipitation. Hence, the reduction of vegetation productivity has to be attributed to
the loss of vegetation cover and not to a decline in moisture, as moisture is the main constraint for
vegetation growth in the drylands of Ethiopia [69]. The reduction in biomass accumulation is a result of
deforestation and degradation of the woodlands of the region mainly due to anthropogenic activities,
substantiating the existence of land degradation. The removal of the protective cover leaves the soil
highly vulnerable to wind erosion, particularly during the dry period of the year. The Sudano-Sahelian
region is known as a source of soil-derived aerosols, which are aggravated due to climate change
and vegetation loss [73]. In recent years, it is common to observe dust clouds hovering over the
northwestern regions of the country originating between the borders of the northwestern dryland of
Ethiopia and Sudan [74]. The occurrence of these dust clouds can be linked to the loss of vegetation
cover, which hampers the topsoil movement due to wind erosion. Hence, dryland vegetation loss
contributes to land degradation, exposing the inherently weak topsoil for both wind and water
erosion [75]. Deforestation of woodlands and loss of topsoil are large sources of anthropogenic
greenhouse gases, mainly CO2 emissions, that contribute to the loss of carbon from both woody
biomass and soil, which can lead to land degradation and reduction in ecosystem services [76,77].
5. Conclusions
The significant amount of spatial changes among the land use classes during the period of three
decades mainly contributes to an ongoing degradation of woodland ecosystems. In 1986, woodland
was the dominant land use category covering about 79% of the area. However, the dominance of
woodland reshuffled with cropland, as cropland acquires the largest extent in 2014 covering over 53%
of the total area with a net gain of about 40%. The net change within the landscape is 44%, while swap
change accounts for about 10% of the transition.
The LULC transition matrix of land cover categories under a random process of gain identifies
that cropland systematically gains to replace woodland, while woodland systematically avoids gaining
from cropland. This approach is helpful in detecting and analyzing the quantitative and qualitative
dynamics of loss of valuable ecosystems for prioritizing better options of management of the semiarid
environment. The replacement of woodland vegetation by cropland exposes the topsoil to wind
erosion, and it is common to observe dust clouds during the dry period of the year.
The loss of woodland vegetation is an indicator of ecosystem degradation within the region.
The spatial correlation of NDVI and precipitation shows R2 values of less than 0.5 in over 55% of
the study area during the period 2000–2014. The temporal change in precipitation is not significant,
but there is a negative trend in NDVI in areas of woodlands converted to cropland. The lower value
of R2 between NDVI and precipitation is an indicator of land degradation due to the low response
of degraded landscapes to precipitation. A result of this research indicates a systematic land use
transition caused by human impact and calls for proper measures to combat ecosystem degradation.
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